Social broadcasting networks such as Twitter in the U.S. and "Weibo" in China are transforming the way online word-of-mouth (WOM) is disseminated and consumed in the digital age. We investigate whether and how Twitter WOM affects movie sales by estimating a dynamic panel data model using publicly available data and well known machine learning algorithms. We find that chatter on Twitter does matter, however, the magnitude and direction of the effect depends on whom the WOM is from and what the WOM is about. Measuring Twitter users' influence by how many followers they have, we find that the effect of WOM from more influential users is significantly larger than that from less influential users. In support of some recent findings about the importance of WOM valence on product sales, we also find that positive Twitter WOM increases movie sales while negative WOM decreases them. Interestingly, we find that the strongest effect on movie sales comes from those tweets where the authors express their intention to watch a certain movie. We attribute this to the dual effects of such intention tweets on movie sales: the direct effect through the WOM author's own purchase behavior, and the indirect effect through either the awareness effect or the persuasive effect of the WOM on its recipients. Our findings provide new perspectives to understand the effect of WOM on product sales and have important managerial implications. For example, our study reveals the potential values of monitoring people's intention and sentiment on Twitter and identifying influential users for companies wishing to harness the power of social broadcasting networks.
Introduction
The rise of social broadcasting networks (SBN) such as Twitter in the U.S. and "Weibo" in China 1 is rapidly changing the landscape of online word-of-mouth (WOM). As a leading example, Twitter has witnessed explosive growth in the last few years. As of January 2011, there were nearly 200 million registered users on Twitter who posted 110 million tweets per day.
2 Sina Weibo and Tecent Weibo, two of the leading SBN in China, both reported more than 200 million registered users this year. While there is little doubt about the significant social and political impact of these fast-growing SBN, an interesting question to the marketing professionals is whether the huge amount of brief messages generated and consumed by the vibrant SBN community in real-time have any effect on product sales. If
yes, then what is the nature of such effect? The purpose of this paper is to take an initial step into answering this important question by examining the effect of Twitter messages (also known as tweets) on movie sales.
Tweets are a relatively new type of WOM which is often considered to be the most credible information source to consumers for the purchase of a new product or new service (Katz and Lazarsfeld 1955) . While practitioners are experimenting with strategies such as buzz management, viral marketing, and referral programs to harness the power of WOM, researchers have also been actively studying the influence and management of WOM. For example, Godes and Mayzlin used WOM conversations from Usenet to study its influence on TV ratings (Godes and Mayzlin 2004) , and they found that the dispersion of conversations across communities has explanatory power but the volume of WOM does not. Many researchers used posts from Yahoo!Movies to study the effect of WOM on movie box office revenues (Liu 2006, Duan, Gu, and Whinston 2008, Chintagunta, Gopinath, and Venkatara-1 We call these sites social broadcasting networks because they each are simultaneously a social network and a broadcasting network.
2 http://www.forbes.com/sites/oliverchiang/2011/01/19/twitter-hits-nearly-200m-users-110m-tweetsper-day-focuses-on-global-expansion/ man 2011, etc) and the results are mixed. For example, both Liu (2006) and Duan et al. (2008) found that the volume of reviews matters but the valence does not. This view is also partially supported by Dhar and Chang (2009) where it is found that future sales of a music album are positively correlated with the volume of blog posts about that album.
On the other hand, Chintagunta et al. (2011) measured the effect of national online user reviews on designated market area-level local geographic box office performance of movies, and their findings suggest that it is the valence that drives box office performance, not the volume. Recent study by Sonnier, McAlister, and Rutz (2011) seems to support this view although their results are based on the analysis of a different product category.
3 Adding to this debate is another study by Onishi and Manchanda (2010) where they found mixed results for volume and valence using Japanese blog and sales data of three different products.
Our study differs from previous WOM literatures in several important ways, which are closely related to the unique features of Twitter WOM. First, compared with online forums like Yahoo!Movies, Twitter is a more natural environment to study the awareness effect of WOM. The awareness effect of WOM on product sales refers to its function of spreading basic information about the product among the population. As the name suggests, the awareness effect influences people's behavior only by informing them and thereby putting the product in their choice set. This influence is in contrast to the so-called persuasive effect which refers to WOM's function of altering people's preferences toward the product and thus influencing their purchase decisions. Because people who visit online forums like Yahoo!Movies to find out movie review information are most likely already aware of these movies, the awareness effect of WOM there is quite limited. On the other hand, WOM generated on Twitter are actually pushed to the followers of the authors. This difference between the pull mode on Yahoo!Movies and the push mode on Twitter makes Twitter a better environment for researchers to study the awareness effect of WOM.
Second, unlike many online forums where no social structural information is available, Twitter provides an Application Program Interface (API) structure with which we can extract the number of followers each author has. This seemingly simple information may be useful for the study of WOM. It allows us to know the number of direct recipients of each message. The number of followers a Twitter user has is like the size of her audience. The more followers she has, the more people she can reach and the larger the effect of her WOM.
Probably at a more profound level, the number of followers of a user could be a coarse proxy of the user's social influence. The very same WOM message may have quite different impact on the recipients depending on whom the message is from. There is little debate as to whether chatter matters to firms and earlier literature has studied extensively the question of what kind of chatter matters. But whose chatter matters? The two step flow theory in sociology suggests that some people (opinion leaders) are more influential than others (imitators) and information often moves first from mass media to opinion leaders and then from opinion leaders to imitators (Katz and Lazarsfeld 1955 , Gladwell 2000 , Slywotzky and Shapiro 1993 . Applying this theory to WOM leads to the hypothesis that WOM messages from a certain group of people may have disproportionate influence on firm product sales.
Surprisingly, there is little research in marketing science addressing this question. One no- For example, when people express their intentions to watch a movie, they may explicitly say that or they may complain about the difficulty of getting movie tickets. We believe the prevalence of pre-consumption WOM on Twitter poses new challenges but also offers new opportunities for managers and researchers. The main challenge comes from the automatic identification of these tweets while an obvious advantage is the addition of this new dimension of WOM measurement besides valence. Intuitively, pre-consumption WOM should be treated differently when they are used to explain movie box office revenues. The authors of post-consumption WOM have already consumed the product and are less likely to purchase the product again in the near future, 6 hence, post-consumption WOM affects future 4 Liu (2006) considered pre-release WOM which is a subset of pre-consumption WOM, and found that it has significant explanatory power for aggregate box office revenue. However, pre-consumption WOM is not limited to pre-release WOM in the case of movie.
5 For this reason, we use pre-consumption tweets and intention tweets interchangeably in this paper. 6 This is true for many products, like movies, and durable goods.
product sales indirectly through its awareness effect and persuasive effect. On the other hand, because the authors of pre-consumption WOM have not consumed the product yet and are more likely than the average population to consume the product in the near future, we would expect pre-consumption WOM to have both a direct and indirect effect on future product sales. However, it is hard to predict whether pre-consumption WOM would have a larger or smaller impact on movie sales compared with post-consumption WOM. The direct effect of pre-consumption WOM on movie sales seems to suggest a larger impact on movie sales, but on the other hand, pre-consumption WOM contains less information about product quality, which may result in smaller impact. Our empirical results suggest that the effect of pre-consumption WOM on movie sales is actually larger than post-consumption WOM.
Finally, because of its simplicity and popularity, there is a huge number of tweets on a vast number of topics. For example, on March 4, 2010, one day before the release of the movie "Alice in Wonderland," there were nearly 15,000 tweets about this movie. On February 18, 2010, two months after the release of the movie "Avatar," there were still around 13,000 tweets mentioning it. In our empirical study, we use a total of more than 4 million tweets about 63 movies, which is significantly more than the 12,136 posts used in Liu (2006) and the 95,867 posts used in Duan, Gu, and Whinston (2008) . The large number of WOM messages means that we may have less bias in our sample than in the samples used in previous literature. However, the downside of the large data size is that we have to rely heavily on computer programs to automatically classify WOM messages into pre-consumption WOM and post-consumption WOM and to do sentiment analysis on post-consumption WOM further, which, of course, is less reliable than human judgement and inevitably introduces new errors.
Our WOM data was collected from Twitter.com and the movie sales data was collected from BoxOfficeMojo.com, both of which allow public retrieval of their data. The algorithms we use to classify tweets are also well-known machine learning algorithms. We use a dynamic panel data model to estimate the effect of WOM on movie sales in order to handle the endogeneity problem typical in the study of the effect of WOM on firm product sales.
The rest of the paper is organized as follows. We first describe in detail how we collect and process our data in Section 2. We then introduce our methodology in Section 3 and present our empirical results in Section 4. We discuss the managerial implications of this study in Section 5. Finally, we conclude our paper and point out some future research in Section 6.
Data

Data Collection
Movie sales data was collected from BoxOfficeMojo.com 7 and tweet information was collected from Twitter. 
Data Processing
After the tweets were collected, we used a filtering program to filter out advertising tweets. While we used several rules to determine whether a tweet is an advertising tweet, the most effective one is simply by checking whether the tweet contains a URL. There are also some irrelevant tweets containing the search keyword but are not about the movies. This is particularly a problem if the movie name is a single word or a commonly used phrase. We first randomly selected 200 tweets for each movie and manually checked for irrelevant tweets.
For some movies like Ninja Assassin and Shutter Island, there is almost no irrelevant tweet because these two phrases are rarely used on Twitter in contexts other than those movies.
However, for some movies like Wolfman, The Hangover, and It's Complicated, there are a considerable amount of irrelevant tweets. To reduce those irrelevant tweets, we adopted two approaches. First, we used a movie lexicon containing words or phrases like movie, cinema, film, theater, ticket to pick out relevant tweets containing words or phrases in the lexicon. Second, for each movie, we used a customized lexicon for those irrelevant tweets and eliminated tweets containing words or phrases in that lexicon. For example, for the movie The Hangover, if a tweet contained the phrase "suffering from a hangover" or the word "drunk", then that tweet was classified as an irrelevant tweet. We manually checked tweets whose relevancy could not be determined by the two procedures.
After filtering out the advertising tweets, we classified a tweet into one of the four mutually exclusive categories: intention, positive, negative, and neutral. By intention tweets, we mean those tweets whose authors clearly express their willingness to watch the movie in the future. For example, the tweet, "Wow! I wanna see 'the lovely bones' !!" is clearly an intention tweet. On the other hand, the tweet, "DAMN IT!!! Didn't make it... Sold out tickets for Avatar!!!" is also an intention tweet even though it's not obvious at first glance.
A positive tweet is a tweet where the author expresses positive sentiment toward the movie.
Similarly, a negative tweet is a tweet where the author expresses negative sentiment toward categories. Figure 1 illustrates the classification scheme.
We used an intention lexicon to extract features from tweets and then used a support vector machine (Steinwart and Christmann 2008) to construct the intention classifier. The intention lexicon is built from the movie tweets in our sample. In the Appendix, we list some of the regular expressions in the intention lexicon. For the sentiment analysis of tweets, we constructed a Naive Bayesian classifier (Mitchell 1997 ) which drew upon a lexicon of positive words/phrases and negative words/phrases. Naive Bayesian classifiers are often used in the literature for text mining because of its simplicity. Of course, there are more sophisticated classifiers for sentiment analysis which might yield higher accuracy. An in-depth study of these methods is not the focus of this paper. Both classifiers were trained and tested on a corpus of over 3,000 tweets that were manually labeled. The precisions and recalls for the intention classifier and the sentiment classifier are reported in Table 1 and Table 2 respectively.
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12 Precision is the fraction of retrieved instances that are relevant, while recall is the fraction of relevant instances that are retrieved. For example, a precision of 98% and a recall of 87% for the class of intention tweets mean that 98% of the tweets classified by the program as intention tweets are indeed intention tweets based on human judgment, and 87% of the intention tweets based on human judgment are classified by the program as intention tweets. Table 3 lists the description and measurements of the key explanatory variables we used
Variables
and Table 4 provides the summary statistics for all key variables. All variables are weekly data.
13 After the weekly aggregation, the longest time period for a movie is fifteen weeks.
Gross Revenue is the accumulated movie gross revenues from the current Friday to the next Thursday. On average, a movie's weekly box office revenues are around 9.5 million dollars.
Lag Gross Revenue is the lag of Gross Revenue, that is, the total revenue from last Friday to the current Thursday. Since there is a declining trend for movie box office revenues in general, the average lagged movie revenues are over 10 million dollars, which is higher than that of the present week.
To capture the effect of Twitter WOM on movie box office revenues, we included total number of tweets mentioning the name of a movie as an explanatory variable (Total Tweets).
On average, there are almost 6,000 tweets talking about a movie in a week. Similar to the declining trend of movie box office revenues, the number of lagged total tweets from the 13 The rational for this weekly aggregation is as follows. The focus of a typical dynamic panel data model is on panels where a large number of individuals are observed for a small number of time periods. However, in our analysis, we have a total number of 63 movies while many of them are in theater for over 90 days. Therefore, we do the weekly aggregation to shorten the number of time period. previous week is also higher than that of the present week.
On Twitter, a user often has a certain number of followers who subscribe to receive the author's tweets in real-time. However, the number of followers for a user varies from zero to millions. We separated the tweets for each movie in each week into two groups based on the number of followers each tweet author has, which, we hope, could be a proxy of their influence. Specifically, Type-1 Tweets are those tweets whose authors have less than 400 follower and the rest of the tweets, whose authors have more than 400 followers, are Type-2 Tweets. In our sample of tweets, about 85% of the tweets authors have less than 400 followers. On average, each movie has 5,208 Type-1 Tweets and 853 Type-2 Tweets each week.
We also computed the ratio of intention tweets, the ratio of positive tweets, and the ratio of negative tweets among all the tweets for each movie in each week, as explained in Section 2.2. On average, around 30% of the tweets are intention tweets, 26.69% are positive, and only 4.86% of them are negative.
Model
Model Specification
We collect movie revenue and tweets data for 63 movies from late 2009 to early 2010. To capture the dynamic nature of the data, as well as the cross-sectional effects, and to make full use of the richness of our data, we formulate and estimate a dynamic panel data model using the method of Arellano and Bond (1991) .
14 The repeated observations on the same movie will also allow more of the variation in the micro data to be used in constructing 14 Strictly speaking, our data is a cluster sample because movies in our sample were not released on a same week. Nevertheless, we refer to it as panel data in this paper because the dynamic structure of the data is better described as a panel and also because such data was often referred as panel data in the literature. Our model structure is similar to Godes and Mayzlin (2004) . We write a dynamic panel data model with predetermined variables and autoregressive specification of the form:
where the dependent variable y it is the movie gross revenue for movie i at week t, and 
As is acknowledged by many previous works, the relationship between movie box office revenues and WOM is intertwined. More WOM messages implies a larger awareness effect which leads to higher movie revnues. On the other hand, higher movie revenues in turn result in more people talking about the movie. Therefore, there is a problem of potential endogeneity. To account for this, we use one-period lagged values of tweets related variables as our explanatory variables. It is reasonable to believe that the previous week's WOM would have effects on this week's movie revenues but would not be affected by this week's movie revenues. We expect this treatment, along with the control of the previous week's movie revenues, will alleviate the endogeneity concern typical in the study of the effect of WOM on product sales. There are many other variables that will affect movie revenues, such as movie genre, director and actors, MPAA rating, and production budget. However, because these variables do not vary over time, they appear in η i and are eliminated after first-differencing. Therefore, even though these movie-specific effects are not observed in our data, they are controlled in our model indirectly, which is an advantage of using panel data.
Inference and Estimation
Following Arellano and Bond (1991), we estimate Equation (1) using an optimal GMM method. To remove the movie-specific time-invariant factors such as movie genre and star power, we do first difference on Equation (1) to obtain
whereȳ it = y it − y i,t−1
We need to estimate Equation (3 
. . . . . .
. . . 
The GMM estimator δ GM M = (α, β ) minimizes the criterion
using the weight matrix
where W is the weighting matrix and ν i are consistent estimators of the first-differenced residuals obtained from a preliminary consistent estimator.
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If we denote the total number of explanatory variables in Equation 3 by k (including 16 For simplicity, we describe and formulate the estimator when the panel is balanced. But it can accommodate unbalanced panel data easily with minor changes. With unbalanced panel, the total time period for each movie is T i . The number of columns in Z i is p = (τ − 2)(τ − 1)/2 where τ is the total number of periods on which observations are avaiable for some movies in the sample, and Z i = diag(y i1 , ..., y is x i1 , . .., x is ), (s = 1, ..., τ − 2) only if τ observations are available on movie i. For movies with T i < τ , the rows of Z i corresponding to the missing equations are deleted and the missing values in the remaining rows are replaced by zeroes. See Page 281 of Arellano and Bond (1991) for a discussion on this.
17 A reasonable choice for the initial consistent estimator could be obtained by using
where H is a (T − 2) square matrix with 2's on the main diagonal, -1's on the first off-diagonals and zeros elsewhere.
ȳ i,t−1 ), we have the following estimator:
matrix.
Empirical Results
In this section, we first discuss the estimation results from the dynamic panel data model specified in Section 3 as a benchmark model in Section 4.1. To complete the picture of the relationship between WOM and movie sales, we further conduct a robustness check for alternative classifications for Type-1 tweets and Type-2 tweets in Section 4.2.
Results from Dynamic Panel Data Model
Using the weekly cross-sectional data for 63 movies, we estimate the unbalanced dynamic panel data model. The panel we used is unbalanced because some movies are in theaters longer than others. In addition, the use of the unbalanced panel may lessen the effect of self-selection of movies in the sample.
In Table 5 , we report estimates from the dynamic panel data model of movie weekly gross revenues. As is expected, the previous week's total movie revenues has positive effects on the current week's revenue, suggesting the positive autocorrelation between box office revenues of consecutive weeks. The total number of tweets has positive and significant effect on movie box office revenues, which means that, holding other factors fixed, more chatter about a movie increases its sales. The positive effects of WOM volume on movie box office revenues is consistent with results from several previous studies.
One advantage of our data is the ability to identify the different effects of tweets from users with different numbers of followers, which, to the best of our knowledge, has not been studied in the literature. We explore this effect by examing whether a bigger proportion of tweets from users with a large audience (Type-2 tweets) is associated with higher or lower movie box office revenues. If the awareness effect is dominant, then most likely, we will observe a positive and significant result for Type-2 tweets ratio because higher Type-2 tweets ratio means more users will be reached by WOM messages on average. On the other hand, if the persuasive effect is dominant, then the sign of Type-2 tweets ratio is difficulty to predict because a user having more followers does not mean he or she is more influential.
The result in Table 5 suggests that higher ratio of Type-2 tweets does have a positive and significant effect on movie box office revenues in our model. Specifically, on average in our sample, an increase of one percent of the ratio of Type-2 tweets from the previous seven days leads to $76,349 increase in movie revenues for the current week. There are a few caveats when we interpret this coefficient. First, it should be emphasized that we need to keep all other variables fixed in order to interpret the ceteris paribus effect of Type-2 tweets ratio.
The following hypothetic scenario illustrates this point. Suppose there are 10,000 tweets mentioning about a movie for a particular week, and 14% of these tweets are Type-2 tweets. Now, without any change to the content of each tweet, what would the movie revenue for the next week have been if the authors of 100 Type-1 tweets (i.e., 1% of the total tweets) had a much larger audience (more than 400) than they actually have (less than 400)? The answer to this hypothetic question is exactly the meaning of the coefficient for the variable Type-2 tweets ratio. Second, the coefficient value reported in Table 5 should be interpreted as the average effect of one percent increase of the Type-2 tweets ratio in our sample. Third, the positive and significant coefficient of Type-2 tweets ratio suggests that WOM messages from those with a large audience have a larger impact on movie box office revenues, but our results do not reveal the exact mechanism of why this is true. It could be that the awareness effect is dominant. It could also be that the persuasive effect is dominant, in which case the increase of the effect of intention and positive WOM from the increase of audience size is larger than the decrease of the effect of negative WOM from the increase audience size.
While we do not explore the detailed mechanism underlying the stronger effect of Type-2 tweets in the current model framework, it is certainly an interesting and important question to pursue in future research.
Another variable of special interests that is featured in our study is Intention Tweets Ratio, which turns out to be a significant predictor of movie revenues in the subsequent period. One percent increase in intention tweets will increase the movie box office revenues by $157,905. which is even higher than the effects of positive tweets in terms of the size of coefficient. On the surface, this is surprising because positive WOM is like the endorsement of a product and is supposed to have most positive effect on movie revenues. However, it is that surprising if we take into account of the dual effects of pre-consumption WOM-the direct effect on movie sales through the WOM author's own purchase behavior, and the indirect effect on movie sales through either the awareness effect or the persuasive effect of the WOM on its recipients. Nevertheless, the significan and positive effect of Intention Tweets Ratio on movie revenues suggests that there is significant amount of credibility in the pre-consumption WOM, which is a strong indication of the value of recognizing people' purchase intention through the analysis of Twitter data. It also suggests the potential opportunities of targeted advertising and marketing on Twitter.
In the literature, many studies have tried to identify the effects of WOM valence, but most of their results lead to the conclusion that the valence of WOM does not affect movie revenues. However, in this analysis, we find that valence does have non-negligible effects on movie box office revenues, which is consistent with the recent findings by Chintagunta, Gopinath, and Venkataraman (2011) . Specifically, WOM with positive sentiment toward the movie will increase movie sales significantly. On average from our sample, one percent of increase in the positive tweets ratio will increase movie revenues by $125,881. On the other hand, the negative tweets from the previous week turn out to have significant and negative effects on a movie's box office revenues. On average from our sample, one percent of increase in the ratio of negative tweets will decrease the weekly gross revenues by $137,451. Note that the magnitude of this impact is larger than that of the positive tweets. Even though negative tweets only account for a very small proportion of all the tweets about a movie, they might severely discourage people from watching that movie. The impact of negative WOM on movie revenues puts some doubt on an old saying that has long been told in marketing:
any publicity is good publicity.
Robustness Check for Different Tweets Classifications
In the benchmark dynamic panel data model discussed in section 4.1, we classified the tweets into two types according to the number of followers of the author of each tweet. The associated cut-off number we chose is 400, which is roughly the 85th percentile of all tweets ranked according to the number of followers of the authors. This means each Type-1 Tweets has less than 400 followers and each Type-2 Tweets has more than 400 followers. In order to check whether the estimation results are robust to different methods of classification, we run the same model six times using different tweets classifications. The cut-off point are 100, 200, 300, 500, 600, and 700. For example, a cut-off point of 200 suggests that each Type-1
Tweets has less than 200 followers and each Type-2 Tweets has more than 200 followers, et cetera. In order to run these models, we re-group the raw tweets according to different cut-off numbers and then aggregate the data into weekly observations for dynamic panel data estimation.
In Table 6 , we present estimation results for six different robust models. In general, the estimation results do not vary significantly from the results of the benchmark model in Ratio has an increasing trend as we increase the cut-off number, which is consistent with our intuition given that the coefficient of Type-2 Tweets Ratio is significantly positive.
Managerial Implications
For managers, there are at least three key take-aways from our study. First, our results regarding the different impacts of WOM from people with different degrees of influence suggest that firms that want to harness the online WOM about their products should actively monitor or even seek WOM messages produced by the more influential people. An important caveat to this point is that people who are influential on some topics might not be influential 
19
This will not only facilitate people's purchase but also increase the amount of buzz about 18 The idea of using Twitter data to analyze people's intention towards certain products for marketing/management purpose is first proposed in (Rui, Whinston, and Winkler 2009) .
19 Firms may do this selectively and randomly to discourage strategic behavior.
their product. Of course, pre-consumption WOM generated in response to such marketing strategy is not "organic" anymore and the impact of "non-organic" pre-consumption WOM on product sales is expected to be attenuated. It would be valuable for future research to study this issue, possibly through field experiments.
Conclusion
The goal of this paper is to investigate whether and how Twitter WOM, a recently popular and relatively new form of online WOM, affects movie sales. We collected Twitter WOM data using Twitter API and movie sales data from BoxOfficeMojo.com, both of which are publicly available. We then carried out the classification of tweets and a sentiment analysis using well known machine learning algorithms. Having extracted variables characterizing
Twitter WOM, we used a dynamic panel data model to explore the effect of Twitter WOM on movie sales. Our study adds several important contributions to the literature. We take a first step into measuring the potentially different impacts of WOM on movie sales from people with different degrees of influence. Assuming that the number of followers a Twitter user has is a coarse proxy of her influence, our empirical results suggest that indeed, the effect of WOM on product sales from a more influential person is significantly larger than that from a less influential person. Our second contribution is identifying and estimating the effect of a new type of WOM on movie sales, namely, the pre-consumption WOM. The prevalence of pre-consumption WOM is most likely a result of the recent popularity of SBN, which probably explains why it was largely ignored in the earlier literature on WOM. We find that the effect of pre-consumption WOM on movie sales is larger than post-consumption WOM. We attribute this to the dual effects of pre-consumption WOM on movie sales: the direct effect on movie sales through the WOM author's own purchase behavior, and the indirect effect on movie sales through either the awareness effect or the persuasive effect of the WOM on its recipients. The third contribution of this study is to support the view that the valence of WOM does matter. Unlike most of the previous literature that uses ratings provided by users, we analyzed the sentiment of each tweet using a Naive Bayesian classifier and the estimation results of our model suggest that positive WOM increases product sales while negative WOM decreases them.
All data and algorithms used in the paper are readily available to marketing researchers and practitioners. Compared with the tremendous amount of data on Twitter, our paper only exploits a very small portion of it. With Twitter's easy-to-use API structure and its ever-growing popularity, we believe it could be particularly rewarding for marketing researchers and practitioners to dig into this goldmine. The following issues, which are also the limitations of this paper, could be promising directions to pursue in the future.
First, the number of followers is obviously a very coarse measure of a Twitter user's personal influence. The practice of dividing tweets into two groups based on the number of followers the author of each tweet has is a compromise between considering and accurately measuring users' influence while evaluating the impact of WOM on movie sales. Future research could refine the measurement of users' influence and incorporate a better influence measurement into the econometric model, which may potentially yield interesting and useful results regarding personal influence, WOM, and firm product sales.
Second, sentiment analysis is another challenge in studying the effect of online WOM on product sales in the Web 2.0 era. On the one hand, we are happy to see large amounts of WOM data because it reduces the sample bias; on the other hand, analyzing people's attitudes becomes a challenge because manually checking each WOM message is obviously not feasible. The algorithms we used to classify tweets are very effective, but far from being perfect. 20 Moreover, identifying a tweet as positive, neutral or negative offers only one dimension of WOM sentiment, although this is probably the most important dimension.
Still, there might be other dimensions of WOM sentiment that are interesting to explore, like the intention feature used in this study. After all, human language contains far more information than valence.
